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ABSTRACT

Accurately predicting user purchase behavior remains a fundamental challenge for e-commerce platforms, particularly
in categories such as apparel and textiles where exploratory browsing is prevalent. Although prior studies have predom-
inantly relied on purchase intentions or proxy indicators, such measures often inadequately capture realized purchasing
outcomes. To address this limitation, this study proposes a deep learning—based framework for session-level purchase
behavior prediction that jointly incorporates platform engagement signals and customer attributes. Using large-scale
post-filtered, high-intent e-commerce session data characterized by class imbalance, a range of machine learning and
deep learning models were systematically evaluated within a unified experimental framework. The empirical results
indicate that platform engagement features make a stronger contribution to purchase prediction than customer attrib-
utes, while customer attributes provide complementary contextual information. Compared with traditional machine
learning approaches, the proposed deep learning model achieved the strongest overall predictive performance under the
examined experimental setting. The present study focuses on post-filtered high-intent sessions and should therefore be
interpreted as purchase prediction within decision-relevant shopping traffic rather than full-traffic platform prediction.
Overall, these findings underscore the effectiveness of jointly modeling short-term behavioral signals and customer-level
contextual attributes summarizing historical tendencies in predicting purchase outcomes. From a practical standpoint,
the proposed framework facilitates decision support for operational tasks that require accurate session-level purchase
prediction in e-commerce platforms. This study thus provides empirical evidence supporting the value of deep learning
for modeling complex user behavior and contributes to the advancement of data-driven purchase prediction in online

retail environments.
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INTRODUCTION

Online retail platforms have become a primary channel for consumer purchasing activity. This shift is particu-
larly pronounced in the textile and garment sectors, where digital marketplaces have significantly reshaped
traditional consumption patterns. A growing body of research reports that an increasing share of commercial
transactions now occurs through digital marketplaces rather than traditional brick-and-mortar stores [1,2]. As
e-commerce platforms evolve, their operational priorities have shifted beyond simply enabling online trans-
actions toward improving the conversion of large volumes of browsing activity into completed purchases [3,4].
Unlike offline retail settings, where store visits often signal a relatively strong purchase intention, user behavior
on e-commerce platforms is frequently characterized by extensive browsing and comparison—a pattern fre-
quently observed in apparel shopping where users evaluate style, material, and fit—often without an eventual
transaction [2,5]. These interactions, commonly recorded as clickstream or session-level behavioral data, form
a rich source of information that reflects users’ preferences, decision-making processes, and responses to
platform design and stimuli [1,6]. As a result, predicting whether a purchase will occur within a given high-
intent shopping session has become a central challenge for platform operators, given its direct relevance to
customer targeting, demand forecasting, and value-oriented decision support [3,7].

Major e-commerce platforms increasingly rely on behavioral data to tailor landing pages, ranking algorithms,
and promotional content with the objective of converting exploratory browsing into purchase actions, partic-
ularly within sessions that already exhibit elevated purchase intent [2,8]. Accordingly, advances in user-level
and session-level purchase prediction not only contribute to a deeper understanding of online consumer
behavior but also have clear operational and economic implications for contemporary e-commerce platforms,
especially for those dealing with heterogeneous and seasonal product categories like textiles [2,9,10].

Prior research on purchase behavior in e-commerce environments can be broadly grouped into two main
streams. The first stream concentrates on behavioral interactions between users and platforms, examining
how browsing activity, session-level engagement, and navigation patterns influence purchase outcomes [1,2].
Within this line of work, clickstream data are widely used to capture detailed interaction sequences and
to infer latent shopping intentions [1,3]. Existing studies show that behavioral traces extracted from online
sessions can be used to distinguish different shopping strategies and to construct predictive models linking
platform visits to conversion outcomes [2,3]. In addition, platform design choices and interface characteristics

have been shown to affect user trust and decision-making, thereby indirectly shaping purchase behavior [7,9].
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The second stream adopts a customer-centric perspective, emphasizing user-specific characteristics rather
than platform interactions alone. Research in this area highlights the role of factors such as historical purchas-
ing behavior, customer lifetime value, and accumulated engagement indicators in shaping online purchase
decisions [2,5]. Incorporating customer-level attributes allows platforms to differentiate users according to
purchasing propensity and economic value, supporting more effective personalization and targeted marketing
strategies [7]. Beyond behavioral history, demographic and contextual factors have also been examined to
explain heterogeneity in purchasing behavior, with evidence suggesting that user-specific affective tendencies
and other individual differences can influence online shopping decisions and cart abandonment behavior
[5,9,11]. More recent work further underscores the importance of identifying high-value customers through
longitudinal behavior modeling combined with predictive analytics to support retention and revenue opti-
mization [12,13].

Taken together, these research streams highlight the importance of customer-centric information in under-
standing purchase behavior, while also revealing the limitations of approaches that focus exclusively on either
behavioral interactions or stable user attributes. In contrast to studies that rely primarily on intention-based
proxies or restricted behavioral signals, the present study adopts a session-level perspective centered on
realized purchase outcomes and examines the combined contribution of platform engagement signals and
customer attributes to purchase behavior prediction. The study does not aim to distinguish casual browsing
from genuine shopping intent at the full-traffic platform level; instead, it focuses on purchase prediction within

a subset of sessions that already exhibit substantive pre-checkout engagement.

RELATED WORK
Role of Platform Engagement in Determining Purchase Behavior

User engagement with e-commerce platforms constitutes the earliest observable stage of the online purchase
decision process, during which awareness and consideration gradually take shape through browsing and inter-
action prior to any transaction [1,2]. Rather than being limited to traditional notions of customer satisfaction
or loyalty, platform engagement has increasingly been viewed as a strategic asset that shapes conversion
behavior and long-term value creation, particularly within sessions that exhibit meaningful purchase intent
[2,7]. From a managerial standpoint, engagement is ultimately meaningful only insofar as it leads to
completed purchases, rather than intermediate behavioral indicators such as clicks or dwell time alone [3,13].

Accordingly, a substantial body of prior research treats platform engagement as a key antecedent of online
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purchase behavior, particularly in digital settings where purchasing decisions are mediated by platform design,
interaction mechanisms, and data-driven personalization strategies [1,4]. To organize this line of research,
existing studies commonly examine platform engagement from two complementary perspectives: platform-
side engagement attributes and customer-side attributes [1,6].

Platform Engagement Attributes

From the platform perspective, user engagement is shaped by a range of interaction mechanisms, including
recommendation systems, search functionality, content presentation, promotional strategies, and session-
level personalization [8,13]. These design and interaction features influence how users navigate the platform,
evaluate available products, and progress through successive stages of the decision-making process within a
session. As a result, behavioral traces such as clickstream sequences, add-to-cart actions, and responses to
promotional events are widely used as observable signals for modeling engagement dynamics and predicting
purchase outcomes [3,4,9]. More recent research suggests that platform-driven engagement has become
increasingly dynamic in contexts such as livestream commerce and targeted advertising, where sequential
interactions and contextual cues play a decisive role in shaping conversion behavior [4,13]. However, a parallel
line of work has shown that aggregated session-level representations remain effective for predicting purchase
outcomes when the analytical objective focuses on completion decisions rather than interaction sequences.

Customer Attributes

While platform-side attributes shape the immediate interaction environment, customer-side attributes intro-
duce substantial heterogeneity in engagement patterns and purchasing behavior. Prior research highlights the
role of accumulated customer characteristics—such as historical purchasing behavior, value segmentation,
and preference stability—in explaining differences in purchase propensity across users [1,7,12]. Even under
identical platform conditions, customers may respond differently to engagement stimuli, reflecting variations
in experience, loyalty, and economic value. In this sense, customer attributes complement platform-side
signals by capturing stable, user-specific factors that influence purchase decisions over time, underscoring the

importance of considering both perspectives when modeling online purchase behavior [6,12].
Online Purchase Prediction

Predicting whether users ultimately complete a purchase has long been a central topic across disciplines such
as marketing, information systems, and data-driven platform research, given its direct implications for revenue

generation and managerial decision-making [2,3]. Existing studies approach this problem from diverse angles,

https://doi.org/10.31881/TLR.2026.1958 1961



ZHAOJ TEXTILE & LEATHER REVIEW | 2026 | 9 | 1958-1978

including analyses of user motivations, platform capabilities, and patterns of online activity that precede
purchasing decisions [1,7,13]. Despite these contributions, many studies rely on proxy measures—such as
purchase intention, click-through behavior, or cart activity—that do not always correspond to actual purchase
outcomes in real-world settings [3,9]. This gap reflects a fundamental limitation, as stated intentions and
intermediate actions may diverge from final purchasing behavior under realistic constraints. In response, a
growing body of work has begun to utilize real-world data sources, including clickstream logs and transaction
records, to examine purchase behavior at the session level and to capture genuine conversion events more

directly [2,4,14].
Analytical Methods for Purchase Prediction

A wide range of analytical methods has been applied to the purchase prediction problem, including regression-
based models, decision trees, ensemble learning approaches, and shallow neural networks [6,10,13]. These
techniques are widely used due to their interpretability and relative ease of implementation, but they often
struggle to capture the complex and nonlinear relationships present in high-dimensional behavioral data [6,9].
Recent advances in deep learning have therefore attracted increasing attention, as deep models are capable of
learning hierarchical feature representations from large-scale, heterogeneous data and adapting to dynamic
behavioral patterns [2]. Empirical studies show that deep learning approaches can outperform conventional
machine learning methods in modeling user interactions and predicting purchase-related outcomes in com-
plex e-commerce environments [4,8]. Nevertheless, existing research has yet to establish a unified predictive
framework that systematically integrates heterogeneous engagement signals with customer attributes, which

motivates the methodological focus of the present study.

DATA DESCRIPTION

A major challenge in applying big data analytics to purchase prediction lies in the limited availability of reliable
transaction-level data that capture realized purchasing behavior. Consequently, much of the existing literature
relies on proxy measures—such as purchase intention, click-through behavior, or cart activity—to approximate
customers’ purchase decisions on e-commerce platforms [2,3,9,10,14]. While such proxies provide useful
behavioral cues, recent studies increasingly demonstrate that models grounded in actual purchase outcomes
yield more robust and practically meaningful insights than those based solely on intention-based or interme-

diate indicators [3,1,4]. In line with this perspective, the dataset used in this study is constructed to model
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realized purchase outcomes at the session level, consistent with recent work in e-commerce analytics and
decision support systems [1,2,4].

The data were collected from an online e-commerce platform operating as a multi-vendor, general-purpose
marketplace, and all records were anonymized prior to analysis. The dataset integrates historical purchase
information with a set of variables commonly adopted in session-level purchase prediction, combining cus-
tomer characteristics with detailed browsing and interaction behaviors [1,2,7]. To ensure analytical relevance,
the analysis focuses on active, intent-driven shopping sessions, defined as sessions in which users exhibit
substantive engagement with product offerings rather than purely informational or immediately abandoned
visits. This definition is based solely on observable pre-checkout interaction patterns and does not rely on
purchase outcomes or post-transaction information.

In total, the dataset comprises 412,768 intent-driven sessions generated by 102,347 registered customers.
Purchases occurred in 106,494 sessions (25.8%), while the remaining 306,274 sessions (74.2%) did not
result in a transaction. The observed class distribution reflects the session selection strategy and operational
characteristics of the platform, and should therefore be interpreted in the context of decision-relevant user
traffic rather than full-traffic browsing behavior. Accordingly, the reported purchase proportion represents
the conditional probability of purchase within the analyzed session subset and does not correspond to the
baseline conversion rate of a full-traffic e-commerce environment. Accordingly, the present study should be
interpreted as purchase prediction within a filtered high-intent session subset rather than as a direct evalu-
ation of model performance on full-traffic e-commerce sessions dominated by casual browsing.

Each observation corresponds to a single user session and records in-session activities such as browsing
behavior, product clicks, cart-related interactions, and purchase outcomes. To avoid information leakage, all
session-level features were constructed exclusively from user interactions observable prior to any irreversible
purchase commitment, such as checkout confirmation or payment submission. Variables including cart size,
cart value, and number of products clicked were computed solely from behaviors observable before checkout
confirmation or payment submission, regardless of whether a purchase ultimately occurred. No post-purchase
or outcome-dependent information was included in the feature set.

Purchase sessions on the platform include both conventional cart-based checkout workflows and direct-pur-
chase mechanisms (e.g., “buy-now” actions), in which explicit add-to-cart interactions may not occur prior to

transaction completion. As a result, cart-related variables may remain zero in some purchase sessions because
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no explicit cart formation step is required. Therefore, a cart size or cart value of zero should not be interpreted
uniformly as indicating weak purchase intent. In the present study, cart-related variables are treated as ses-
sion-level behavioral descriptors rather than universally applicable indicators of purchase intention across all
transaction pathways. Within the aggregated session representation used in this study, cart-related variables
are retained as one subset of transaction-related behavioral descriptors, but they are not assumed to function
as universally valid primary signals across all transaction pathways. An overview of platform engagement and
purchase outcomes is provided in Table 1. Although the dataset contains detailed session-level behavioral
information, the analysis adopts aggregated session representations rather than modeling fine-grained event
sequences, treating each session as a unified decision context in line with common practice in session-level

purchase prediction studies [2,3,4].

Table 1. Platform engagement and purchasing behavior of customers

Description Frequency
Number of prospective unique customers 102,347
Number of sessions 412,768
Number of sessions with a purchase 106,494
Number of sessions without a purchase 306,274

Note: Statistics are computed over post-filtered high-intent shopping sessions.

The relatively high proportion of purchase sessions reflects the behavioral filtering strategy used to identify
high-intent sessions, rather than overall platform traffic characteristics. The dataset focuses on active sessions
generated by registered customers in a mature e-commerce environment, where a substantial share of
sessions corresponds to purposeful shopping behavior rather than casual browsing. Therefore, the observed
class distribution is consistent with the operational context of the platform rather than an artifact of data
construction.

To further characterize the sample, Table 2 reports the demographic attributes of customers represented in
the data, while Table 3 presents a detailed description of the variables used in this study along with their
descriptive statistics. Overall, the dataset includes two broad categories of variables: platform engagement
attributes, which primarily describe session-level interaction behavior, and customer attributes, which capture
customer-level contextual characteristics such as demographics, historical purchasing patterns, and account-

related information.
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Table 2. Demographics of the data

Demographic traits Statistic
Gender (Female) 71.8%
Gender (Male) 28.2%
Age — Mean 42.6
Age — Std. dewv. 114
Age (Female) — Mean 41.9
Age (Female) — Std. dev. 11.1
Age (Male) — Mean 44.1
Age (Male) — Std. dev. 12.3

Note: Demographic statistics are reported for customers who generated post-filtered high-intent shopping

sessions.

Table 3. Descriptive statistics of variables used in this research

Variables Minimum Maximum Mean Std. Dev.

Platform engagement attributes

Time of session (hour) 0 23 14.2 4.6
Day of week of session 1 7 - -
Number of log-ins of customer 1 7 2.35 0.84
Number of products clicked 1 118 11.9 14.8
Lowest price of product clicked 1.0 398.5 28.7 61.5
Highest price of product clicked 1.0 915.2 96.4 142.7
Cart size 0 16 1.24 2.10
Cart value 0 1,215.6 62.8 118.9
Customer attributes
Customer account score 92 645 478.6 127.4
Customer account lifetime (days) 3 720 141.6 114.1
Number of past purchases 0 96 5.7 9.8
Age of customer 18 82 42.5 11.3
Gender of customer 0 1 - -
Days elapsed since last purchase 1 760 71.6 92.4

METHODOLOGY

This study adopts a data-driven modeling framework to predict user purchase behavior at the session level
on e-commerce platforms. Prior research indicates that online purchase outcomes are jointly influenced by

short-term behavioral interactions observable within a session and longer-term customer characteristics accu-
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mulated through historical activity, with effects that are often nonlinear and context dependent [1,2]. Rather
than relying on intention-based proxies, the proposed framework focuses explicitly on realized purchase
outcomes and leverages session-level behavioral data. To accommodate the heterogeneity and scale of such
data, the methodology integrates systematic data preprocessing, standardized model training procedures,
and a deep learning—based predictive architecture, consistent with recent advances in e-commerce analytics
[3,4,5]. The overall workflow is designed to support reliable performance estimation and fair comparison
across alternative modeling approaches.

An overview of the modeling process is shown in Figure 1.

Raw Session-Level Logs

Browsing

Clicking
Cart Actions

Purchase Outcome

L

Data Preprocessing

Missing Value Handling
Outlier Treatment

Categorical Encoding

2

Feature Representation

Session-Level Signals
User-Level Attributes

¥

Model Training

Machine Learning Models

Deep Neural Network
5-Fold Cross-Validation

<

Performance Evaluation

Balanced Metrics

Robustness Assessment

Figure 1. Overall modeling framework for session-level purchase behavior prediction
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Data Preprocessing

Behavioral logs collected from e-commerce platforms typically contain noisy, sparse, and heterogeneous
information, which may adversely affect predictive performance if not properly handled [1,7]. Accordingly,
several preprocessing steps were applied prior to model construction to improve data quality and learning
stability. Variables exhibiting extremely low variance or excessive missing values were removed, as such
attributes contribute limited predictive information and may introduce unnecessary noise [5,9].

For the remaining variables, missing values were handled using training-fold—specific, model-aware imputa-
tion strategies that preserve relationships among observed variables, rather than simple distribution-based
substitution. This approach allows the imputation process to exploit interdependencies among behavioral
signals, which is particularly important in session-level purchase modeling [2,4]. Continuous features with
heavy-tailed distributions were examined for extreme observations. Instead of discarding entire sessions,
outliers were adjusted using mild clipping strategies to reduce numerical instability while retaining informative
behavioral patterns [5].

All features were carefully time-aligned to ensure that only interactions preceding the purchase decision
were included. In particular, session-level features were computed using logs recorded strictly before any
irreversible commitment actions, such as checkout confirmation or payment submission. This design prevents
information leakage and ensures that model predictions reflect genuine decision uncertainty rather than post-
outcome signals. All preprocessing operations were performed independently within each cross-validation
fold to avoid unintended information sharing across data partitions.

Categorical attributes were transformed into numerical representations suitable for both machine learning
and deep learning models. Encoding strategies were selected to avoid introducing artificial ordinal relation-
ships and to ensure consistency across different model classes [10]. After preprocessing, the final feature
set consisted of a unified numerical representation of session-level engagement signals and customer-level

contextual attributes, which served as input to all predictive models.
Model Training and Analysis

Model training was conducted under a unified experimental protocol to ensure robustness and comparability
of results. Both machine learning and deep learning models require the specification of hyperparameters
that substantially influence convergence behavior and predictive performance [2,10]. Reliance on a single

train—test split may lead to unstable or overly optimistic performance estimates, particularly in large-scale
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behavioral datasets [3]. To mitigate this risk, a five-fold cross-validation scheme was employed throughout
the analysis [14].

Within each fold, hyperparameters were tuned using a grid-based search strategy based on validation perfor-
mance within the training data, thereby reducing sensitivity to random data partitions and limiting the risk
of hyperparameter overfitting [5]. Feature selection and refinement were conducted as part of the training
process to reduce redundancy and enhance learning stability in high-dimensional behavioral data. Rather than
emphasizing explicit feature importance ranking, this study focuses on constructing compact and informative
feature representations that support effective learning across different model classes.

The close alignment observed between training and validation performance across folds suggests that the

adopted training procedure achieves satisfactory generalization under the considered experimental setting.
Deep Learning Architecture

To capture complex interactions between platform engagement signals and customer attributes, a feed-
forward deep neural network was employed. This architectural choice is appropriate because the input
features are aggregated at the session level rather than represented as sequential event streams, rendering
recurrent or convolutional structures less directly applicable to the present modeling objective [2,6]. Deep
neural networks have demonstrated strong capability in learning hierarchical feature representations from
high-dimensional behavioral data in e-commerce contexts [3,10].

The network architecture consists of multiple fully connected layers, where earlier layers capture basic feature
interactions and deeper layers model higher-order dependencies. Model parameters were optimized using
stochastic gradient—based learning, which provides an efficient and scalable optimization strategy for large
datasets [6,12]. Different network depths and widths were explored to balance expressive capacity against
computational efficiency, following empirical practices reported in prior purchase prediction studies [2,3].
Customer attributes in this framework primarily serve as contextual priors summarizing longer-term engage-
ment tendencies, rather than as fine-grained longitudinal behavioral sequences. This design allows the model
to modulate session-level engagement effects using accumulated user context while avoiding strong assump-
tions about sequential user behavior.

To enhance generalization performance, regularization techniques such as dropout and early stopping were
incorporated during training [6,10]. The final model adopts three fully connected hidden layers with 256, 128,

and 64 neurons, respectively, using ReLU activation functions. Model training was conducted using the Adam
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optimizer with a learning rate of 0.001 and a batch size of 256. The maximum number of training epochs was
set to 100, with early stopping based on validation loss. Dropout with a rate of 0.3 was applied to mitigate
overfitting. All models were implemented using standard deep learning libraries, and random seeds were fixed
across experimental runs to ensure reproducibility. To account for class imbalance in purchase outcomes, class

weights inversely proportional to class frequencies were applied during training.
Performance Metrics

Model performance was evaluated using multiple complementary metrics to provide a balanced assessment
of purchase prediction effectiveness. Because purchase events remain moderately imbalanced even at the
session level, accuracy alone may be misleading [9,14]. Accordingly, precision, recall, F1-score, and the area
under the receiver operating characteristic curve (ROC-AUC) were reported to capture different aspects of
classification performance. In addition, the Matthews Correlation Coefficient (MCC) was adopted due to its
robustness to class imbalance and its ability to jointly account for all outcomes in the confusion matrix
[5,9]. All evaluation metrics were averaged across the five cross-validation folds to ensure stable and reliable

performance estimation.

RESULTS
Predictive Contribution of Engagement and Customer Attributes

To examine the relative predictive contribution of different feature groups, predictive models were first eval-
uated using platform engagement attributes and customer attributes separately. Across all evaluated models,
platform engagement features consistently exhibited stronger predictive power than customer attributes
alone. Session-level behavioral signals—such as product exploration intensity and aggregated transaction-
related interaction patterns—provided informative cues for purchase outcomes beyond static demographic
or account-level variables. However, cart-related variables should be interpreted with caution, because some
purchase sessions may follow direct-purchase workflows without explicit add-to-cart actions. Accordingly,
these variables should be understood as pathway-dependent components of the aggregated session repre-
sentation rather than as universally applicable primary signals of purchase intent.

Models trained on the combined feature set achieved the highest overall predictive performance, indicating
that engagement behaviors and customer attributes capture complementary aspects of the purchase decision

process. Engagement variables primarily reflect short-term behavioral dynamics within individual sessions,

https://doi.org/10.31881/TLR.2026.1958 1969



ZHAOJ TEXTILE & LEATHER REVIEW | 2026 | 9 | 1958-1978

whereas customer attributes contribute contextual information derived from longer-term historical behavior
patterns. These findings are consistent with prior studies highlighting the important role of behavioral data in

online purchase prediction while also recognizing the supplementary value of user-level characteristics [1,2].
Model Robustness and Stability Across Validation Folds

Model robustness was assessed by examining performance variability across the five cross-validation folds.
The deep learning model exhibits lower variance in both accuracy and Fl-score compared to traditional
machine learning approaches, suggesting relatively more stable generalization across different data partitions.
In contrast, tree-based models show greater sensitivity to data splits, particularly in folds characterized by
uneven purchase distributions.

Robustness is an important requirement for real-world e-commerce applications, where user behavior may
vary substantially across time periods and customer cohorts. The observed stability of the deep learning model
suggests a stronger ability to maintain consistent performance under heterogeneous behavioral patterns,
which aligns with prior evidence that deep architectures are well suited for modeling high-dimensional inter-

action data [3].

Table 4. Variability of model performance across cross-validation folds

Model Std. Dev. (Accuracy) Std. Dev. (F1-score)
Decision Tree (DT) 0.034 0.031
Random Forest (RF) 0.029 0.027
Artificial Neural Network (ANN) 0.021 0.020
Deep Neural Network (DNN) 0.016 0.015

Comparative Performance of Predictive Models

The overall comparative performance of all predictive models is summarized in Table 5. All evaluated
approaches demonstrate acceptable discriminative capability, as indicated by ROC-AUC values exceeding the
random baseline. More pronounced differences emerge, however, when balanced performance metrics are
considered.

Among the compared models, the deep learning framework achieved the strongest overall performance in
terms of F1-score and Matthews Correlation Coefficient (MCC), indicating a more favorable trade-off between
precision and recall under the current experimental setting. Tree-based models achieve reasonable recall,

indicating sensitivity to purchase events, but this is accompanied by comparatively lower precision and
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higher false positive rates. By contrast, the deep learning model achieves a more balanced trade-off between
correctly identifying purchase events and limiting false alarms, a property that is particularly desirable for

session-level purchase prediction in operational e-commerce settings [5].

Table 5. Overall performance comparison of predictive models

Model Accuracy Precision Recall F1-score McC ROC-AUC
Decision Tree (DT) 0.84 0.68 0.72 0.70 0.59 0.79
Random Forest (RF) 0.86 0.71 0.75 0.73 0.63 0.82
Support Vector Ma- 0.83 0.66 0.70 0.68 0.56 0.78
chine (SVM)
Artificial Neural Net- 0.88 0.75 0.78 0.76 0.68 0.84
work (ANN)
Deep Neural Network 0.89 0.78 0.80 0.79 0.72 0.86
(DNN)

Note:

e Precision, Recall, and F1-score are reported for the purchase (positive) class.

¢ All metrics are computed under a consistent decision threshold and averaged across five cross-validation
folds.

e MCC is reported due to its robustness under class imbalance.
Statistical Validation of Performance Differences

To examine whether performance differences among models are statistically meaningful, non-parametric
tests were conducted on fold-level evaluation metrics obtained from the five-fold cross-validation procedure.
Given the relatively small number of cross-validation folds, effect sizes are reported descriptively rather than
interpreted as definitive measures of practical superiority. The analysis suggests differences in performance
across models; however, given the limited number of cross-validation folds, these results should be inter-
preted as indicative rather than conclusive.

However, given the limited number of folds, these statistical results should be interpreted with caution. Rather
than serving as definitive proof of superiority, the statistical analysis complements the observed consistency
in performance metrics and variance reduction across folds. Taken together, the results provide converging
evidence that the deep learning model achieved the strongest overall performance among the compared

models under the examined experimental setting.
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Summary of Key Findings

In summary, the empirical results show that the integration of session-level engagement signals and customer
attributes supports effective purchase prediction under the examined setting. The evaluated deep learning
framework achieved the strongest overall predictive performance among the compared models. These
findings support the value of combining heterogeneous session-level behavioral information with user-level

contextual attributes in e-commerce purchase prediction.

DISCUSSION

This study investigates session-level purchase behavior prediction in e-commerce platforms by jointly mod-
eling platform engagement signals and customer attributes within a deep learning framework. Building on
the empirical results presented in Section 5, this discussion interprets the findings from the perspectives of
predictive mechanisms, model robustness, and practical relevance, and situates them within the broader

literature on online purchase prediction.
Role of Engagement and User Attributes in Purchase Prediction

The results reported in Section 5.1 suggest that session-level engagement signals contribute more directly
to purchase prediction than static customer attributes. This pattern is understandable because engagement
variables capture immediate within-session behavioral dynamics, whereas customer attributes mainly provide
broader contextual information accumulated over time. Session-level signals—such as product exploration
intensity and transaction-related interaction patterns—provided useful behavioral cues associated with
short-term purchasing behavior. However, cart-related variables do not carry a uniform behavioral meaning
across all sessions, because some transactions may be completed through direct-purchase mechanisms
without explicit add-to-cart actions. Accordingly, these variables should be understood as pathway-dependent
components of the aggregated session representation rather than as universally applicable primary signals
of purchase intent. This interpretation is consistent with prior studies emphasizing the predictive value of
behavioral data in online retail environments [1,2].

At the same time, the performance gains achieved by combining engagement features with customer attrib-
utes suggest that historical and contextual user information remains an important complement. Customer
attributes reflect accumulated contextual information about users’ historical interactions with the platform

that cannot be inferred from a single session alone. Taken together, these findings highlight the importance
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of jointly modeling short-term behavioral signals and longer-term user context in session-level purchase

prediction.
Robustness and Generalization of Predictive Models

Robustness across different data partitions is essential for real-world deployment in dynamic e-commerce
settings. The deep learning model exhibits consistently lower performance variance across cross-validation
folds than traditional machine learning approaches, indicating more stable generalization under varying data
conditions. This stability suggests a stronger capacity to handle heterogeneity in user behavior and fluctua-
tions in purchase distributions.

By contrast, tree-based models demonstrate greater sensitivity to data splits, which may limit their reliability
when user behavior patterns evolve over time. The robustness advantage observed for the deep learning
model can be attributed to its ability to model nonlinear interactions among heterogeneous features and to

maintain stable performance under noisy behavioral signals [3].
Balanced Performance and Implications for Platform Decision-Making

The comparative results summarized in Table 5 show that, although all evaluated models achieve reasonable
discriminative performance, the deep learning model performs better than alternative approaches on evalu-
ation metrics such as the Fl-score and the Matthews Correlation Coefficient. These results indicate a more
favorable trade-off between correctly identifying purchase events and limiting false positive predictions.

From an operational perspective, controlling false positives is particularly important for e-commerce
platforms, as inaccurate purchase predictions may lead to inefficient targeting strategies and suboptimal
allocation of marketing resources. The observed performance of the deep learning model therefore supports
its potential utility for operational decision support tasks that require a careful trade-off between precision

and recall, such as ranking or targeting under similar platform conditions [5].
Methodological Implications and Limitations

Beyond predictive performance, the findings carry broader methodological implications. Under the specific
platform conditions examined in this study, the results suggest that deep learning methods are applicable
to session-level purchase prediction in settings characterized by class imbalance and feature heterogeneity
[4]. These observations are based on session-level purchase prediction under the specific data characteristics
examined in this study. An additional limitation is that the comparative analysis did not include stronger

gradient-boosting baselines commonly used for tabular prediction tasks, such as XGBoost or LightGBM.
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Therefore, the present findings should be interpreted as evidence within the examined model set rather
than as definitive proof of the universal superiority of deep learning for tabular purchase prediction. An
additional limitation concerns the interpretation of cart-related variables across heterogeneous transaction
mechanisms. Specifically, sessions completed through direct-purchase workflows may retain zero cart size or
cart value despite leading to a completed purchase. As a result, such variables cannot be assumed to carry a
uniform behavioral meaning across all sessions. Future research may address this issue by explicitly modeling
transaction pathway types when suitable labels are available. However, these methodological benefits are
accompanied by increased computational demands.

Practitioners must therefore balance predictive performance against computational and deployment costs.
Future research may explore lightweight architectures or hybrid modeling strategies that preserve predictive

accuracy while improving scalability and resource efficiency.

IMPLICATIONS
Academic Implications

This study makes several contributions to the literature on e-commerce analytics and purchase behavior
prediction. First, it advances prior research that largely relies on purchase intentions or proxy indicators by
focusing on realized, session-level purchase outcomes. By modeling actual purchasing behavior rather than
intention-based measures, the findings provide stronger empirical support for understanding how online
engagement is associated with realized purchase outcomes [1,2].

Second, the study contributes methodologically through a systematic comparison of deep learning and tradi-
tional machine learning approaches within a unified experimental framework. The findings provide empirical
support for the applicability of deep learning methods to session-level purchase prediction involving hetero-
geneous behavioral and contextual features [3]. Third, this study extends the application of deep learning to
session-level purchase prediction in e-commerce settings by jointly modeling short-term engagement behav-
iors and customer-level contextual attributes summarizing historical tendencies. The observed contribution
of engagement signals, together with the complementary role of customer attributes, opens avenues for
future research on how immediate decision cues and accumulated user context interact to shape purchasing

dynamics over time [5].
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Managerial Implications

From a managerial perspective, the findings offer actionable insights for platform operators. The strong
predictive value of session-level engagement signals suggests that session-level behavioral indicators should
be prioritized when designing analytical tools to support recommendation or promotion-related decision-
making. In competitive environments, data-informed actions before checkout completion may be more
effective than strategies aimed solely at prolonging user engagement. At the same time, the complementary
contribution of customer attributes underscores the importance of differentiating strategies across customer
segments when historical contextual information is available. While short-term behaviors capture immediate
intent, historical user information can support more differentiated analytical strategies across customer
segments. Finally, the results highlight the need for selective data governance. Rather than indiscriminately
accumulating data, firms should focus on high-value behavioral and contextual features that directly enhance

purchase prediction, balancing predictive gains with privacy and computational considerations [4].

CONCLUSION

This study examined session-level user purchase behavior prediction on e-commerce platforms using a deep
learning—based framework that integrates platform engagement signals with customer attributes. By empha-
sizing realized purchase outcomes rather than intention-based proxies, the proposed approach provides a
more realistic and operationally relevant perspective on online purchasing behavior.

The empirical results showed that session-level engagement signals and customer attributes played comple-
mentary roles in purchase prediction, with engagement-related information contributing more directly under
the examined experimental setting. Relative to the compared machine learning baselines included in this
study, the deep learning framework achieved the strongest overall predictive performance under the exam-
ined experimental setting.

Beyond predictive performance, the findings contribute to both methodological understanding and practical
application. Methodologically, the study provides empirical support for the value of jointly modeling hetero-
geneous session-level engagement signals and customer-level contextual attributes in e-commerce purchase
prediction. Practically, the results suggest that such signals can support analytical decision-making for recom-
mendation-, promotion-, and resource allocation—related tasks. In the garment retail context, this type of
decision support may help mitigate high return rates and improve seasonal inventory planning through more

accurate identification of purchase propensity.
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Several limitations should be acknowledged. The analysis relies on historical session data from a specific e-
commerce platform, which may constrain the generalizability of the findings. Future research could extend
this work by incorporating domain-specific product features, such as textile material and style tags, temporal
dynamics across sessions, cross-platform behavioral data, or alternative lightweight deep learning architec-
tures to improve scalability and generalization.

Overall, this study advances data-driven understanding of session-level purchase prediction and highlights
the potential practical value of deep learning for decision support in comparable online retail contexts

characterized by intent-driven session data.
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